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Abstract
Background: Chromatin immunoprecipitation followed by microarray hybridization (ChIP-chip) is used to study
protein-DNA interactions and histone modifications on a genome-scale. To ensure data quality, these experiments
are usually performed in replicates, and a correlation coefficient between replicates is used often to assess
reproducibility. However, the correlation coefficient can be misleading because it is affected not only by the
reproducibility of the signal but also by the amount of binding signal present in the data.
Results: We develop the Quantized correlation coefficient (QCC) that is much less dependent on the amount of
signal. This involves discretization of data into set of quantiles (quantization), a merging procedure to group the
background probes, and recalculation of the Pearson correlation coefficient. This procedure reduces the influence
of the background noise on the statistic, which then properly focuses more on the reproducibility of the signal.
The performance of this procedure is tested in both simulated and real ChIP-chip data. For replicates with different
levels of enrichment over background and coverage, we find that QCC reflects reproducibility more accurately and
is more robust than the standard Pearson or Spearman correlation coefficients. The quantization and the merging
procedure can also suggest a proper quantile threshold for separating signal from background for further analysis.
Conclusions: To measure reproducibility of ChIP-chip data correctly, a correlation coefficient that is robust to the
amount of signal present should be used. QCC is one such measure. The QCC statistic can also be applied in a
variety of other contexts for measuring reproducibility, including analysis of array CGH data for DNA copy number
and gene expression data.
Background
Chromatin immunoprecipitation on tiling arrays (ChIP-
chip) has been widely used to study genome-wide bind-
ing sites of transcription factors [1-5] and other protein
complexes [6,7], as well as histone modifications [8]. To
ensure data quality, ChIP-chip experiments are generally
performed in replicates (two or three), and their repro-
ducibility is used to determine whether the data are of
sufficient quality and whether further experiments or
validations are necessary. A number of factors impact
the reproducibility of ChIP-chip data, including unifor-
mity of cross-linking and sonication, specificity of the
antibody, efficiency of chromatin immunoprecipitation,
quality of the probes, and biological variability.
To assess the reproducibility of ChIP-chip data, a cor-
relation coefficient is most often used to compare the
replicates at the probe level [9]. The Pearson correlation
coefficient (PCC) is the most common, but the non-
parametric Spearman or Kendall correlation coefficient
can also be used. However, while the simplicity of the
standard correlation coefficient is appealing, it suffers
from a serious problem: the statistic depends not only
on the reproducibility of the data but also on the
amount of DNA-protein binding or post-translational
modification (henceforth collectively referred to as “sig-
nal”) present in that experiment, as we will demonstrate
(See Fig. 1). That is, when a large amount of signal is
present, the correlation coefficient tends to be higher
than when a small amount of signal is present. In the
latter case, the background signal contributes signifi-
cantly and leads to a lower coefficient, even though
PCC is generally sensitive to the outlying values. This
lack of robustness to the amount of signal is an undesir-
able property, as it means that correlation coefficients
cannot be properly compared between different
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of binding is exactly the same. A PCC of 0.7 in one
experiment does not indicate the same data quality or
reproducibility as 0.7 in another experiment if the
amount of binding is different between the two experi-
ments. This phenomenon is especially true for two-color
ChIP-chip experiments, in which log-ratios rather than
absolute intensities are used to measure correlation.
When correlation is computed on the absolute intensi-
ties, the low values contribute relatively little to the sta-
tistic because their variability is small compared to the
range of intensities. When a control channel or experi-
ment is used to generate log-ratios, however, these back-
ground probes have large variability around zero and
impact the correlation substantially.
Another way to compare replicates is after further
processing of the data, after regions (or “clusters”)o f
binding or modification are identified. While we have
often employed this approach in our previous analysis
[6], this is not a simple process. For instance, the noise
level in each replicate may be different and so the
thresholds for identification of enriched regions must be
defined in each case. Depending on how these thresh-
olds are defined, the results can vary substantially.
Furthermore, the agreement among the identified clus-
ters is difficult to define precisely. One can measure, for
instance, the proportion of enriched clusters that over-
lap above a given percentage, at the expense of introdu-
cing another parameter. But, other complications also
arise, such as a cluster in one experiment that encom-
passes multiple clusters on another array, making it
unclear how to best compute the proportion. One can
also choose to measure the fraction of overlap in base-
pairs, but this quantity becomes biased in favor of data
sets that have broad clusters (e.g., certain histone modi-
fications) rather than sharp marks (e.g., transcription
factors). These complications may be avoided in many
situations if a more robust criterion for data quality and
reproducibility exists. In the end, however, neither
point-wise nor cluster-wise comparison is perfect; the
overall decision on the quality should depend on several
statistics including these two.
In this work, we propose the Quantized correlation
coefficient (QCC) that is more robust to the amount of
signal present. We first use simulated data to measure
the extent to which the PCC is influenced by the
amount of signal in the data (how much of the genome
is covered). This is done at varying levels of enrichment
over background, which we refer to as the signal-to-
noise ratio (SNR). Then we describe QCC and compare
it to the PCC. We also describe the methodological
issues for this statistic and use real data to further
demonstrate its usefulness.
Results and Discussion
Quantized correlation coefficient (QCC)
The Pearson correlation coefficient between two vectors,
(xi,y i), i = 1, ..., n,
r
xi xy i i y
xi xy i y i i
∧
=
−− ∑
−− ∑ ∑
() ()
() () 22 (1)
fails to be robust at different signal amounts because
the background noise can have substantial influence on
Figure 1 The PCC is not a robust statistic for measuring reproducibility of ChIP-chip data. (A) A scatterplot between probe signals of two
simulated ChIP-chip replicates. The total number of probes is 300,000; 5% of the probes are assumed to have binding signal, with signal-to-
noise ratio (SNR) of 3. Gaussian noise with standard deviation s.d.= 1 was added to all the probes for each simulated replicate. The PCC is 0.3. (B)
Same as (A) but with 20% of the probes displaying binding signal. The PCC nearly doubles to 0.59. (C) The PCC at the probe level depends on
the amount of binding for range of SNRs. Each point is an average over 100 simulated replicate pairs; error bars represent a 95% confidence
interval. Although the PCC correctly reflects the data quality as defined by SNR, it underestimates substantially when the amount of binding
signal is low for any fixed SNR.
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main idea behind the proposed quantization and merging
procedure is first to identify the probes containing back-
ground noise with an iterative step and then to reduce
their impact on the correlation coefficient. This involves
quantization-the process of constraining a continuous set
o fv a l u e sb yad i s c r e t es e t - a n dh e n c et h en e ws t a t i s t i ci s
called the Quantized correlation coefficient.
1. Initial quantization: For each data set, all the
probe-level data are binned into B0 groups of equal
size (number of probes) based on the signal quan-
tiles, starting with 1 for the probes with smallest
intensities. The probes in each group are assigned as
their new values integers 1, 2, ..., B0 that correspond
to their group number. For instance, with B0 =1 0 ,
all probes that were in the 3rd decile in terms of
i n t e n s i t yn o wh a v et h en e wv a l u e s3 .B0 is a user-
specified, initial number of bins for quantization.
The choice of this parameter is discussed later.
2. Merging of two neighboring groups: Given B bins,
There are B - 1 possible ways to merge two consecu-
tive bins. For each possible merging, reassign the
probes with 1, 2, ..., B -1b a s e do nt h en e wg r o u p
configurations and calculate their corresponding
PCC. After PCC is computed for every B - 1 possible
configurations, choose the merging that most
improves the correlation, and update the group
assignment and probe values.
3. Loop: Repeat the above merging procedure until
the correlation coefficient no longer improves. This
defines the final groupings and values of the data
points on which the correlation is computed.
In part, this method resembles the Spearman correla-
tion coefficient, which is the PCCs applied on the ranks
of the original data. Because the correlation is computed
on the ranks, QCC assesses how well an arbitrary
monotonic function captures the relationship between
the two replicates without any distributional assump-
tions. It also assumes that the consecutive ranks are
equidistant (before quantization) and thus suppresses
the effect of outliers in the data. On the other hand,
whereas the Spearman correlation utilize the ranks of all
data points equally in the computation, QCC collapses
the the noisy part of the data (random data points near
the origin corresponding to unbound probes) and
reduces its contribution.
Analysis of simulated ChIP-chip data
We first study the impact of signal amount on the PCC.
We generated synthetic ChIP-chip data with 300,000
total number of probes (close to the number of probes
on the NimbleGen tiling arrays we have used previously
[6,10]), with the probes divided into background and
signal groups. We assume that the SNR is fixed for each
simulation. Gaussian noise is added to each measure-
ment and, without loss of generality, the standard devia-
tion is set to 1. Thus, signal coverage (i.e. percentage of
probes carrying binding signals) and signal intensity
relative to noise level (i.e. signal-to-noise ratio) are the
only two parameters for each ChIP-chip simulation.
Fig. 1A and 1B show two simulated sets of experi-
ments with two replicates each, generated with the same
SNR but with different amounts of binding signal (5%
and 20%, respectively). Because they have the same
SNR, an ideal statistic for reproducibility should be the
same in both cases. However, the PCCs are 0.3 and
0.59, respectively, showing that the PCC depends heavily
on signal coverage. Fig. 1C shows the correlation coeffi-
cients at varying amounts of signal, for five different
SNRs. The correlation coefficient correctly orders the
experiments according to their SNRs at a given signal
amount. But within a single SNR, it varies substantially.
How this fluctuation can lead to misleading assessment
of reproducibility is clear. The two replicates that have
SNR of 4 and coverage of 15%, for instance, have a
higher correlation coefficient between them than the
two replicates with SNR of 6 but coverage of 5%. The
coefficients do plateau after 30% or so, but the signal
amount in most real experiments are much smaller. For
instance, even if a transcription factor binds at 30,000
places in the human genome with 1 kb resolution of
binding on the array, this corresponds to only 1%.
We applied our quantization and merging method to
see whether the new coefficient is more stable. In Fig. 2,
we compare QCC with the Pearson and Spearman cor-
relation coefficients in the simulated ChIP-chip replicate
data at different SNRs. In all three cases, although QCC
(green) is not completely flat, it is substantially more
robust across different signal coverages. For SNR of 3
(Fig. 2A), the Pearson and Spearman correlation coeffi-
cients fluctuate by a factor of 2 and 3, respectively,
while QCC changes by 10-20%. For higher SNR, QCC is
even more stable. Although it is not possible to deter-
mine whether one value of correlation is more correct
or less biased than another, QCC is more robust to the
signal amount. It also appears to reflect the quality of
the data more accurately: when the signal coverage is
low for a given SNR, noise in the background prevails in
PCC but has less impact for QCC. That QCC is consis-
tently higher than the other two does not indicate that
it is less biased, but QCC is closer to the coefficient one
would obtain from the signal part of the data (an exam-
ple is given in the next section). In addition, QCC is
still sensitive to data quality and increases with higher
SNR. This is the case for the Pearson coefficient but not
for the Spearman coefficient.
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Page 3 of 8As the initial number of probe bins is the only para-
meter we need to specify in the quantization and mer-
ging procedure, we investigate its effect on QCC. Fig. 3
shows the results, which suggest that QCC quickly sta-
bilizes when initial number of bins is large enough, e.g.,
100. We have used 100 bins in the simulations above
based on this result. The only exception would be for
the cases with very high SNRs and low coverage, but
the computation is fast and a larger bin number can be
easily used.
Analysis of MSL complex ChIP-chip data
Dosage compensation is a process in which organisms
attempt to equalize X-linked gene expression when the
X-chromosome copy numbers are different between
males and females. Without this process, gene products
between X and autosomes would not be balanced in
each sex. In mammals, this is achieved by X-inactiva-
tion, which silences gene expression from one of the
two X chromosomes in females. In Drosophila,t h e
opposite strategy of up-regulating the single X chromo-
some by two-fold is employed. How the entire male X
chromosome is regulated on such a large scale is a fasci-
nating question, which we have studied extensively.
While some aspects of this process are still not clear, a
key step involves the Drosophila male-specific lethal
(MSL) complex. Previously, we have used custom Nim-
bleGen tiling arrays (~50-mer, 100-bp spacing) to exam-
ine the binding of this complex on the X chromosome
as well as on an autosome of similar size (2L) that
serves as an internal control. Our experiments and ana-
lysis identified precise locations on the X chromosome
on which the MSL complex binds to start the process of
up-regulation of the X-linked genes [6,11].
Figure 2 Improved robustness in the QCC in simulated ChIP-chip data. A comparison of different correlation coefficients (the Pearson, the
Spearman, and the Quantized) as a function of signal coverage, for SNR values of 3, 4, and 5, respectively for (A), (B), and (C). The number of
initial bins is 100. The QCC is less sensitive to signal coverage as the nearly flat profile indicates, but it is still sensitive to data quality (i.e., the
SNR in the simulated data). Each point is an average over 100 simulated replicate pairs; error bars represent a 95% confidence interval.
Figure 3 Effect of initial number of bins on the QCC. (A), (B) and (C) correspond to different signal intensities (SNR = 3, 4, and 5). QCC is
robust when initial number of bins is large enough (above 100 or 200), even when a large amount of signal is present. Each point is an average
over 100 simulated replicate pairs; error bars represent a 95% confidence interval.
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some makes this data set an ideal one for studying
methodological questions in ChIP-chip data analysis, as
we know that all binding signals must come from the X
chromosome [12]. In Fig. 4A, the scatterplot between
two ChIP-chip replicates is shown for the binding of the
MSL complex (a mutant form of the complex that also
has X-specific binding but at fewer sites, as described in
[13]). Fig. 4A shows the probe values on the X chromo-
some and the autosome in different colors. It appears
that nearly all the high signals come from red points
corresponding to the X chromosome and that they cor-
relate fairly well. Profiles along the chromosomal posi-
tions also indicate that the binding sites are well
reproduced in this data set. However, the standard PCC
at the probe level is only 0.38. Although there is no con-
sensus definition of what a ‘high’ or ‘low’ correlation
coefficient is, 0.38 appears to be lower than what one
may expect from the signal part of the data. This hap-
pens because the binding signal in this data set is very
small (about 2%) as in most ChIP-chip data and the
background noise dominates in the computation of the
coefficient.
We applied our proposed quantization and merging
method with 100 initial number of bins to this data set.
Fig. 4B shows the final configuration (shown with ran-
dom perturbations, sometimes known as jittering, to
view the data points that would be overlapping other-
wise). As expected, almost all the probes from the 2L
autosome are grouped into the background part, and
the X-specific signal probes are grouped separately. The
resulting correlation increases from 0.38 to 0.65. We
believe this is a better indicator for these ChIP-chip data
quality and reproducibility. When we compute the PCC
based only on the intersection of the top 10% probes
from each replicate, it is 0.69, revealing that the signal
portion is well correlated between replicates and that
t h er e p r o d u c i b i l i t ym e a s u r e db yQ C Ci sar e a s o n a b l e
estimate. That QCC is not simply a blind inflation of
correlation coefficient can be examined by the QCC for
mock data. When we test QCC for the mock data,
which were available only for the wildtype MSL complex
[6], the QCC is 0.38 while the PCC is 0.37 (for this data
set, the PCC and QCC for the IP experiments were 0.82
and 0.95, respectively).
Comparison to cluster-level reproducibility
We have already described in the introduction some of
the complications that arise if reproducibility is mea-
sured at the cluster level, including how to identify clus-
ters accurately and how to measure overlap between
two sets of clusters. Nonetheless, we carry out one
direct comparison between computing reproducibility at
the probe level versus at the cluster level, both using
simulated data and real data, to get a rough idea
between the two types of comparisons.
Numerous peak callers (e.g., see [14]) have been pro-
posed and their performance varies widely depending on
t h et y p eo fb i n d i n gp r o f i l e s( e . g . ,s h a r pv e r s u sb r o a d )
and platforms. For our simulated data, we set the size of
every cluster as 5 probes and add noise of varying mag-
nitude to each probe, for a variable number of clusters.
Then a region spanning a minimum of 4 consecutive
probes (~150bp for probes with 50-bp median spacing)
above a quantile threshold is then called as a cluster.
This very simple simulation ensures that the peak call-
ing is done accurately and there is little variation com-
ing from that step. To determine concordance, the
probes identified as part of a peak is replaced with 1
and the rest are replaced with 0, and the Pearson corre-
lation coefficient is computed between the replicates. In
Fig. 5, the results of this simulation is shown on top of
the plots shown in Fig. 2. We see that the cluster-level
reproducibility, if the clusters can be accurately identi-
fied, has a desirable property of not being strongly influ-
enced by the amount of binding signal. This can be seen
b yt h eb l u el i n e st h a ta r er e l a t i v e l yf l a t ,s i m i l a rt ot h e
green QCC lines, at varying signal-to-noise levels. We
also see that cluster-level reproducibility is more sensi-
tive in that it has a greater range of values for the three
signal-to-noise ratios.
Figure 4 Scatterplots before and after quantization.
Quantization and merging identifies background signals and
suppresses their effect on the reproducibility measure, as shown in
the case of MSL complex binding in Drosophila. (A) A scatterplot
between replicates shows that the data quality of the replicates is
fairly good, as almost all signal probes are from the X chromosome
(red) rather than an autosome (blue) for the complex that is known
to have X-specific binding [13]. The standard PCC at the probe level
is 0.38, as the background signal makes a substantial contribution to
the statistic. (B) The final configuration (with jittering to view data
points that would otherwise be overlapping) of the quantization
and merging procedure with 100 as the initial number of bins. The
cut-offs are the quantiles to which the iteration converges. Almost
all the probes from the autosome are grouped into the background
as expected, and the correlation of the ranked data at the probe
level increases to 0.65.
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Drosophila S2 cells produced in two laboratories (the
Pirrotta lab and the White lab), as part of the model
organism Encyclopedia of DNA Elements (modEN-
CODE) project http://intermine.modencode.org. Fig. 6A
shows the scatterplot between the two datasets for the
probes on the X chromosome and Fig. 6B shows the
quantized view with jittering, as was done in Fig. 4B.
The PCC is 0.455 while the QCC is 0.606. We com-
puted cluster-level concordance at varying quantile
thresholds (Fig. 6C) and the maximum correlation was
0.546, which was a little closer to QCC than to PCC.
Overall, the probe-level and cluster-level reproducibil-
ity measures are complementary and both types of ana-
lysis can assist in determine the data quality. QCC is
much simpler to compute and is not burdened with the
dependence on the quality of the peak-calling algorithm
or the threshold (generally the false discovery rate or
FDR) used to define peaks. For instance, a low FDR will
select only the most prominent peaks, which tend to be
quite reproducible; a higher FDR will result in inclusion
of less prominent, lower enrichment peaks that are less
reproducible. Thus, for many data sets, the user will get
ad i f f e r e n ti m p r e s s i o no nt h eq u a l i t yo ft h ed a t a ,
depending on the FDR value used. On the other hand,
any subsequent analysis of ChIP-chip data will involve
characterization of the peaks, such as searching for a
shared motif or co-binding patterns with other factors.
Thus, it is reasonable to consider the reproducibility of
data at the cluster-level.
Conclusions
We have shown that standard correlation coefficients do
not properly reflect the agreement between ChIP-chip
replicates, especially when amount of binding is low.
Our proposed procedure groups the background probes
and suppresses their contribution to the correlation so
that reproducibility can be better captured. This proce-
dure requires no ap r i o r iknowledge about the features,
such as enrichment/depletion, high/low coverage, and
noise level. The initial number of bins is the only para-
meter involved but we have shown that the results are
stable beyond a sufficiently large number.
As mentioned in Background, there are other ways to
measure reproducibility in ChIP-chip data. In particular,
a correlation analysis approach discussed here comple-
tely ignores the signal locations, and accounting for this
by comparing replicates after identification of enriched
regions is an alternate approach that should be done at
the same time. Other essential steps in quality control
are to visualize the data in a genome browser and to
compare the enrichment at specific loci with qPCR data.
Nonetheless, a simple correlation analysis is often done
in practice and it is therefore important to address the
pitfalls in this approach. Again, we do not claim that
Figure 5 Cluster-level reproducibility in simulated ChIP- chip data. We superimpose the reproducibility measured at the cluster-level (blue
line) on Fig. 2. The cluster-level reproducibility is relatively insensitive to the amount of binding in the data, similar to what is observed for QCC.
See the text for details of the simulation.
Figure 6 Cluster-level reproducibility of data from different
laboratories. Two laboratories independently produced ChIP-chip
data for CTCF in Drosophila S2 cells. (A) A scatterplot between the
two datasets for the probes on the X chromosome (only 3000
points are shown for legibility). (B) After quantization (with jittering
to view data points that would otherwise be overlapping). (C)
Cluster-level concordance at varying quantile thresholds. The
maximum of the cluster-level correlations is 0.546.
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Such a statement is difficult to make in general and the
maximization steps we take could be overcompensating
the PCC estimate. Instead, we claim that it has the
desirable property of robustness against the varying frac-
tion of signal we observe in real experiments and that it
accurately reflects SNR in the data.
QCC was developed in the context of ChIP-chip data,
but it can be directly applied to other applications in
which estimation of the similarity or reproducibility
between any two sets of measurements is needed, as
long as data can be ordered and binned into subgroups.
As illustrated in this paper, QCC is most useful when a
large part of the data consists of background noise and
its amount is a confounding factor in interpretation of
the standard correlation coefficients. In genome-wide
array measurements, this occurs frequently. In many
gene expression studies, the majority of the genes may
not be expressed or expressed at low levels; in many
array comparative genomic hybridizations (CGH), only a
small fraction of the genomic DNA may display copy
number aberrations. Quality control of these experi-
ments requires a consistent measure of reproducibility
of replicate experiments and QCC is one possible
measure.
Methods
Computational efficiency
The iterative merging of neighboring bins implies that
there are B - 1 possibilities to consider at each step with
B bins, and so the upper bound for the total number of
possible combinations in the procedure is B0(B0 -1 ) / 2 .
This method is a local search algorithm, as the two bins
that are combined at one step cannot be separated
again. A global search can be contemplated, but given
that most merging occurs near zero where the noisy
data are concentrated, it is unlikely to result in any sig-
nificant improvement.
Comparison to other robust correlations
Other correlation measures have been proposed pre-
viously in the statistics literature. The most applicable
one to the current context is an iterative optimization
procedure called alternating conditional expectation
(ACE), developed by Breiman and Friedman [15]. This
was developed in the regression analysis setting in
which nonlinear transformation are sought to produce
the best-fitting additive model. Let the random variables
X1, ..., Xp be predictors and Y the response variable. The
idea behind this method is to find optimal mean-zero
transformation function θ(Y), 1(Xi), ..., p(Xp)t h a t
minimizes the fraction of variance not explained in a
regression of θ(Y )o n ii i
p
X ()
= ∑ 1 :
e
EY i Xi i
p
EY
p
2
1
1
2 ( , ,..., )
[() ( ) ]
()
 


=
− = ∑ {}
The ACE procedure uses only bivariate conditional
expectations and converges to an optimal solution.
When only a single predictor is used, estimation of the
optimal transformation becomes a method for estima-
tion of maximal correlation between two random vari-
ables. In genomics, this was utilized previously as a basis
for normalization scheme called simultaneous ACE,
which maximizes correlation between replicate array
experiments [16].
The concept of correlation is such that it is difficult to
determine whether one estimate is superior to another
in a given problem, except in few extreme cases. For
QCC, we present evidence that it is robust with respect
to the signal amount and increases as the signal-to-
noise ratio gets larger (Fig. 2), but we cannot prove that
t h ea b s o l u t en u m e r i c a lv a l u ei sm o r ec o r r e c t .I no u r
assessment, the main advantage of ACE is that it has a
precise formulation and a more theoretical framework.
QCC, on the other hand, is more intuitive in our view
and is a greedy algorithm, yet it appears to work in a
desired manner.
Acknowledgements
This work was supported by grants from the US National Institutes of Health
to PJP (GM82798) and MIK (GM45744).
Author details
1Department of Medicine, Brigham and Women’s Hospital, Boston, MA,
02115 USA.
2Department of Genetics, Harvard Medical School, Boston, MA,
02115 USA.
3HST Informatics Program at Children’s Hospital, Boston, MA,
02115 USA.
4Center for Biomedical Informatics, Harvard Medical School,
Boston, MA 02115 USA.
Authors’ contributions
SP designed the method with input from MIK and PJP. SP and PJP wrote
the manuscript. All have read and approved the final manuscript.
Received: 12 October 2009 Accepted: 27 July 2010
Published: 27 July 2010
References
1. Lee hr TI, Rinaldi NJ, Robert F, Odom DT, Bar-Joseph Z, Gerber GK,
Hannett NM, Harbison CT, Thompson CM, Simon I, Zeitlinger J,
Jennings EG, Murray HL, Gordon DB, Ren B, Wyrick JJ, Tagne JB, Volkert TL,
Fraenkel E, Gifford DK, Young RA: Transcriptional regulatory networks in
Saccharomyces cerevisiae. Science 2002, 298(5594):799-804.
2. Cawley S, Bekiranov S, Ng HH, Kapranov P, Sekinger EA, Kampa D,
Piccolboni A, Sementchenko V, Cheng J, Williams AJ, Wheeler R, Wong B,
Drenkow J, Yamanaka M, Patel S, Brubaker S, Tammana H, Helt G, Struhl K,
Gingeras TR: Unbiased mapping of transcription factor binding sites
along human chromosomes 21 and 22 points to widespread regulation
of noncoding RNAs. Cell 2004, 116(4):499-509.
3. Kim TH, Barrera LO, Zheng M, Qu C, Singer MA, Richmond TA, Wu Y,
Green RD, Ren B: A high-resolution map of active promoters in the
human genome. Nature 2005, 436(7052):876-880.
4. Pokholok DK, Harbison CT, Levine S, Cole M, Hannett NM, Lee TI, Bell GW,
Walker K, Rolfe PA, Herbolsheimer E, Zeitlinger J, Lewitter F, Gifford DK,
Peng et al. BMC Bioinformatics 2010, 11:399
http://www.biomedcentral.com/1471-2105/11/399
Page 7 of 8Young RA: Genome-wide map of nucleosome acetylation and
methylation in yeast. Cell 2005, 122(4):517-527.
5. Carroll JS, Meyer CA, Song J, Li W, Geistlinger TR, Eeckhoute J, Brodsky AS,
Keeton EK, Fertuck KC, Hall GF, Wang Q, Bekiranov S, Sementchenko V,
Fox EA, Silver PA, Gingeras TR, Liu XS, Brown M: Genome-wide analysis of
estrogen receptor binding sites. Nat Genet 2006, 38(11):1289-1297.
6. Alekseyenko AA, Larschan E, Lai WR, Park PJ, Kuroda MI: High-resolution
ChIP-chip analysis reveals that the Drosophila MSL complex selectively
identifies active genes on the male X chromosome. Genes Dev 2006,
20(7):848-857.
7. Schwartz YB, Kahn TG, Nix DA, Li XY, Bourgon R, Biggin M, Pirrotta V:
Genome-wide analysis of Polycomb targets in Drosophila melanogaster.
Nat Genet 2006, 38(6):700-705.
8. Bernstein BE, Kamal M, Lindblad-Toh K, Bekiranov S, Bailey DK, Huebert DJ,
McMahon S, Karlsson EK, Kulbokas EJ, Gingeras TR, Schreiber SL, Lander ES:
Genomic maps and comparative analysis of histone modifications in
human and mouse. Cell 2005, 120(2):169-181.
9. Yang YH, Paquet AC: Preprocessing Two-Color Spotted Arrays: Quality
assessment. Bioinformatics and Computational Biology Solutions Using R and
Bioconductor SpringerGentleman R, Carey V, Huber W, Irizarry R, Dudoit S
2005, 57-62.
10. Alekseyenko AA, Peng S, Larschan E, Gorchakov AA, Lee OK, Kharchenko P,
McGrath SD, Wang CI, Mardis ER, Park PJ, Kuroda MI: A sequence motif
within chromatin entry sites directs MSL establishment on the
Drosophila X chromosome. Cell 2008, 134(4):599-609.
11. Hamada FN, Park PJ, Gordadze PR, Kuroda MI: Global regulation of X
chromosomal genes by the MSL complex in Drosophila melanogaster.
Genes Dev 2005, 19(19):2289-2294.
12. Peng S, Alekseyenko AA, Larschan E, Kuroda MI, Park PJ: Normalization and
experimental design for ChIP-chip data. BMC Bioinformatics 2007, 8:219.
13. Sural TH, Peng S, Li B, Workman JL, Park PJ, Kuroda MI: The MSL3
chromodomain directs a key targeting step for dosage compensation of
the Drosophila X chromosome. Nature Structural & Molecular Biology 2008,
15:1318-25.
14. Johnson DS, Li W, Gordon DB, Bhattacharjee A, Curry B, Ghosh J, Brizuela L,
Carroll JS, Brown M, Flicek P, Koch CM, Dunham I, Bieda M, Xu X,
Farnham PJ, Kapranov P, Nix DA, Gingeras TR, Zhang X, Holster H, Jiang N,
Green RD, Song JS, McCuine SA, Anton E, Nguyen L, Trinklein ND, Ye Z,
Ching K, Hawkins D, Ren B, Scacheri PC, Rozowsky J, Karpikov A,
Euskirchen G, Weissman S, Gerstein M, Snyder M, Yang A, Moqtaderi Z,
Hirsch H, Shulha HP, Fu Y, Weng Z, Struhl K, Myers RM, Lieb JD, Liu XS:
Systematic evaluation of variability in ChIP-chip experiments using
predefined DNA targets. Genome Res 2008, 18(3):393-403.
15. Breiman L, Friedman JH: Estimating Optimal Transformations for Multiple
Regression and Correlation. Journal of the American Statistical Association
1985, 80(391):580-598.
16. Faller D, Voss HU, Timmer J, Hobohm U: Normalization of DNA-Microarray
Data by Nonlinear Correlation Maximization. Journal of Computational
Biology 2003, 10(5):751-762.
doi:10.1186/1471-2105-11-399
Cite this article as: Peng et al.: Quantized correlation coefficient for
measuring reproducibility of ChIP-chip data. BMC Bioinformatics 2010
11:399.
Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
Peng et al. BMC Bioinformatics 2010, 11:399
http://www.biomedcentral.com/1471-2105/11/399
Page 8 of 8